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➢ Goal: build a prediction set 𝐶(𝑋𝑡𝑒𝑠𝑡) that contains 𝑌𝑡𝑒𝑠𝑡 with high probability: 
ℙ(𝑌𝑡𝑒𝑠𝑡 ∈ 𝐶(𝑋𝑡𝑒𝑠𝑡)) ≥ 1 − 𝛼
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➢ Standard guarantees take the form ℙ(𝑌𝑡𝑒𝑠𝑡 ∈ 𝐶(𝑋𝑡𝑒𝑠𝑡)) ≥ 1 − 𝛼, where 
𝐶(𝑋𝑡𝑒𝑠𝑡) is constructed using the entire calibration dataset
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Test patient 3

Test patient 2

Test patient 1

…

➢ Sequential guarantees of the form ℙ ∀ 𝑡, 𝑌𝑡𝑒𝑠𝑡
𝑡 ∈ 𝐶 𝑋𝑡𝑒𝑠𝑡

𝑡 ≥ 1 − 𝛼, 
where C() is a conformal sequence: each 𝐶 𝑋𝑡𝑒𝑠𝑡

𝑡 is built using data up 
to time 𝑡 − 1.
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𝑉𝑖𝑙𝑙𝑒′𝑠 𝑖𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦
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Pulmonary Embolism
Bronchitis
Influenza
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𝛼 = 0.02

𝐶(𝑋𝑡𝑒𝑠𝑡) = 3
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𝐶 = 3
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❑ Conformal Prediction under Ambiguous Ground Truth
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Calibration sample 𝑋𝑖

Pneumonia
COVID-19
Asthma
COPD

Tuberculosis
Lung Cancer

Pulmonary Embolism
Bronchitis
Influenza

Sarcoidosis

𝑚 doctors

𝑌𝑖
1

𝑌𝑖
2

𝑌𝑖
𝑚

…
➢ Calibration dataset: (𝑋𝑖 , 𝑌𝑖

𝑗
)

Test patient
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෍
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𝑚

𝐸𝑗

𝐸𝑗 =
𝑆 𝑋𝑡𝑒𝑠𝑡 , 𝑌𝑡𝑒𝑠𝑡

1
𝑛 + 1
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𝑛 𝑆(𝑋𝑖 , 𝑌𝑖

𝑗
) + 𝑆 𝑋𝑡𝑒𝑠𝑡 , 𝑌𝑡𝑒𝑠𝑡

➢ Conformal Prediction under Ambiguous Ground Truth:

ℙ 𝑌𝑡𝑒𝑠𝑡 ∈ 𝐶 𝑋𝑡𝑒𝑠𝑡 ≥ 1 − 𝛼,

Where 𝐶(𝑋𝑡𝑒𝑠𝑡) = 𝑦 ∶
1

𝑚
σ𝑗=1
𝑚 𝑆 𝑋𝑡𝑒𝑠𝑡,𝑌𝑡𝑒𝑠𝑡

1

𝑛+1
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𝑛 𝑆(𝑋𝑖,𝑌𝑖

𝑗
)+𝑆 𝑋𝑡𝑒𝑠𝑡,𝑌𝑡𝑒𝑠𝑡

< 1/𝛼 .

Markov’𝑠 𝑖𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦

Main Result
Average of e-values = e-value
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Conclusion

❑ Explored e-values for conformal prediction, enabling more flexible inference

❑ Enables online conformal methods with anytime−valid guarantees

❑ Enables data-dependent coverage guarantees, allowing more adaptive and 
informative prediction sets tailored to individual test points

❑ Facilitates easy aggregation of conformal prediction sets, especially useful in 
cases of ambiguous ground truth

❑ Opens new avenues for conformal prediction:
▪ Other possibilities for selecting data-dependent 𝛼…

❑ Open questions:
▪ Choice of the score function in the soft-rank e-value?
▪ Choice of the e-value?



Thank you! Questions?

Paper:


